shown to be of value in the detection of epileptic seizures. In this paper, we assess its usefulness in detecting behavioural microsleeps.
I. INTRODUCTION
Microsleeps are brief periods of sleep during which there is a marked reduction in behavioural responsiveness [1] . They have been shown to occur frequently when subjects are tired [2] . Other than drowsiness, there is often no advance warning of sleep/microsleep onset. In several studies, microsleeps are defined as short bursts of sleep in the EEG/EOG [1, [3] [4] [5] [6] . While associated with drowsiness, EEG signatures of sleep in the transitional phases (stages 1 and 2) are not well correlated with behavioural sleep [7] . We prefer to consider microsleep a behavioural phenomenon and emphasize that our usage is distinct from an EEG-defined microsleep. We refer to behavioural microsleeps as lapses.
Lapses are of particular concern for occupational groups with a need to maintain a high level of alertness for extended periods, such as truck drivers, locomotive drivers, pilots, air traffic controllers, and surgeons [8, 9] . Diminished alertness and responsiveness in these occupations can have disastrous consequences, including . This research was financially supported by Foundation for Research Science and Technology and the University of Canterbury, Christchurch, New Zealand. multiple fatalities. Microsleeps are also of considerable concern to the general population when driving.
FD of the EEG has previously been found useful in characterizing EEG changes in bipolar disorder [11] and during epileptic seizures [12] . FD has also been referred to as the Hausdorff dimension, Hausdorff-Besicovitch dimension or the capacity dimension. FD measures the complexity of a signal [10] , and varies between 1.0 (low complexity) and 2.0 (high complexity).
In a previous study we explored the characteristics of lapsing by recording full-head EEG, eye movements, and video from 15 subjects undertaking a 1-D continuous tracking task over two 1 hr sessions [13] . In this paper, we investigate the relationship between the Higuchi FD of the EEG and behavioural microsleeps using data from our earlier study.
II. METHODOLOGY

A. Tracking Study
Data were recorded from 15 normal healthy male volunteers aged 18-36 years (mean = 26.5) while they performed a tracking task.
None had a history of neurological or sleep disorders and all had visual acuities of 6/9 (= 20/30) or better in each eye.
The tracking task was generated by the sensory-motor tests program SMTests TM which displayed a continuous target signal on a computer screen [14] . Eye-to-screen distance was 136 cm. Subjects used a steering wheel (39.5 cm diameter; wheel-to-screen gain = 1.075 mm/deg) to control an arrow-shaped cursor, located at the bottom of the screen. Their task was to keep the arrowhead as close as possible to a pseudo-random target (bandwidth 0.164 Hz, period 128 s) which scrolled down the screen at 21.8 mm/s (providing 8-s preview [15] ). The angular position of the wheel was sampled at 64 Hz and a video camera was used to record head and facial features of a subject during the session (25 Hz frame rate).
EEG was recorded from electrodes at 16 scalp locations and digitized at 256 Hz with a 16 bit A-D converter. The following bipolar derivations were used in the analysis: Fp1-F7, F7-T3, T3-T5, T5-O1, Fp2-F8, F8-T4, T4-T6, T6-O2, Fp1-F3, F3-C3, C3-P3, P3-O1, Fp2-F4, F4-C4, C4-P4, P4-O2. 
B. Analysis
Video rating: The video recording of each session was rated by an expert, without knowledge of the corresponding tracking performance, on a 7 level scale: alert, distracted, forced eye closure while alert, light drowsy, deep drowsy, lapse, and sleep. The rating was based on eye movements and other behavioural markers such as loss of facial tone, slow eyelid closure, yawning and nodding. The timeresolution of the video rating was 1 s. The rater was 'blind' to the tracking performance of subjects to ensure independence.
Expert rating of lapses: The video rating by itself does not make optimal use of the available behavioural data. Ideally, a metric with good temporal resolution indicating overall lapse likelihood given all available behavioural data is desirable. Since the opinions of experts vary regarding the onset of lapses, a short study was conducted to establish the mean opinion of human experts on the overall probability of a lapse given both the tracking and video data.
Three human experts rated 12 min of data from a randomly-chosen session from each subject. The 12 minutes comprised the first 2 min (baseline) of each session followed by the epoch between 30 and 40 min from the start of the session. Raters were required to mark transitions between the levels of a 5-point scale capturing the degree of certainty that a lapse was occurring: Definitely Not Lapse, Probably Not Lapse, Unsure, Probable Lapse, and Definite Lapse. Ratings were based upon tracking behaviour and the human video rating displayed concurrently on a computer screen.
The mean of the three ratings was used to determine when a lapse occurred. A mean rating >3 was considered a lapse. We refer to this as the Lapse Index (LI). The baseline data of the mean rating was not used in the analysis of the FD.
Fractal dimension: We used Higuchi's algorithm [16] to estimate the FD because it is computationally efficient and provides a stable estimate of FD using a lower number of samples of data (N 125) than other FD algorithms [10] , which allowed us to estimate FD with good temporal resolution.
The 
If the value of L(k) is proportional to k -d , then the signal would be fractal-like and have the dimension d. The angular coefficient of the linear regression of the graph log(L(k)) vs. log(1/k) gives an estimate of the fractal dimension d.
We used parameters suggested by Accardo et al. [10] for estimating the FD of the EEG (k max = 6, window size, N = 256 samples (1 s), window overlap = 75%). We preprocessed the EEG using a notch filter to remove 50 Hz interference, independent components analysis to remove eye blink artifacts [17, 18] , and a low-pass filter to remove noise above 70 Hz as these artifacts have been shown to affect the FD [10] . These parameters allowed a temporal resolution of 1 Hz for the FD. Before comparison with LI the FD was low-pass filtered (cutoff f = 0.125 Hz). The cutoff frequency was determined by finding the strongest point-biserial correlation [19] between FD and LI over a range of cut-off values.
Performance evaluation: Subjects who lapsed at least once during the 10 min of rating were selected for analysis (N=8). An example of the LI, FD and EEG for the P4-O2 derivation is shown in Fig 1. For lapse detection we wanted to derive a binary (lapse/no lapse) decision from the FD. This required applying a binary decision threshold to the continuous FD index. We used the phi coefficient (Pearson correlation coefficient between two binary variables [19] ), to measure the agreement between the resulting binary FD and LI. Stratified four-fold cross-validation was used to evaluate the performance of the FD lapse detector. The 8 subjects were divided into 4 sets of 2. A single optimal threshold was determined from the three sets by finding the level that yielded the strongest correlation, and this level was applied to the remaining set. The same process was repeated 3 Fig. 1 . A 2 min sample segment of the mean rating, Higuchi FD, and EEG (P4-O2). The Lapse Index (LI) was derived from the mean rating by placing a threshold at 3. times so that each pair of subjects was used as the test set once. The whole procedure was repeated 10 times with different random subject orders. The mean correlations across repetitions are reported.
Since optimum threshold levels may differ between subjects, we also tested whether performance improved if a unique level was set for each individual. The first 5 min of data from the subject was used to determine the optimal FD threshold for a particular EEG channel and the second 5 min used to calculate . This procedure was performed on each EEG channel of each subject.
Cross-correlation analysis was also performed to determine if there was a lead/lag between FD and LI. For each subject, the delay at which the peak cross-correlation occurred in all 16 derivations was measured. The derivations were divided into 4 groups (pre-frontal-frontal, frontal-central, central-parietal, parietal-occipital). The ttest was used to determine if the peak correlation occurred at a significant lead/lag for any of the groups. Cross-correlation analysis revealed that the FD leads the LI (mean lead = 1.47 s) across the parietal-occipital derivations (t-test; p=0.012). The corresponding increase in absolute mean correlation at this lead was minimal (mean = 0.02), so a lag of zero was used for the remaining analysis.
III. RESULTS
A. Correlation with Lapse Index
B. Lapse Detection
In our first attempt at using FD to detect lapses, we determined a single optimal decision threshold for each channel, to be applied to the FD from all subjects. We used 4-fold cross validation to assess the performance of this detector. Fig. 3 shows mean for the 16 EEG derivations, across 8 subjects. The overall mean was -0.099 (range = -0.041 --0.165) indicating poor performance.
Since the optimum threshold level may vary between subjects we looked at extent to which the mean improved if a different optimum threshold was chosen for each subject. Results showed a slight improvement with mean = -0.128 over 16 derivations (range = -0.085 --0.175).
Repeating the analysis with noisy EEG data (i.e., contaminated with power line interference, eye blink artifacts) showed only a slight decrease in the overall mean point-biserial correlation from -0.213 to -0.188. Single threshold detector performance also reduced slightly (mean = -0.096). IV.
DISCUSSION
Our results show that the correlation between FD of the EEG and behavioural microsleeps during a visuomotor tracking task is modest. The correlation is negative, indicating that the EEG tends to become less complex during lapses.
Cross-validation analysis showed that a lapse detector would perform poorly. Optimum performance using a single threshold value applied to the FD of all subjects was on C3-P3 ( = -0.167). Poor performance could conceivably be due to inter-subject variations in optimum threshold levels. Applying optimum individual thresholds to the FD of each subject improved detector performance slightly.
We found that the peak correlation occurred at a lead (1.47 s) in the parietal-occipital derivations. Theta activity, which has been shown to increase prior to auditory lapses [20] , may account for this effect. No distinct spatial patterns were found in the correlation coefficients across derivations.
The modest improvement in mean correlation after artifact removal was surprising, especially since mains frequency interference has been shown to have a considerable effect [10] . However, its adverse effects may be minimal if the interference is relatively constant and when looking at relative rather than absolute variations in the FD.
The optimal LPF for FD was 0.125 Hz, indicating that changes in the FD are relatively slow and that the observed correlation effect might be due to slow variations in alertness level rather than lapses.
